Abstract: Agricultural land use and cropping patterns are closely related to food production, soil degradation, water resource management, greenhouse gas emission, and regional climate alterations. Methods for reliable and cost-efficient mapping of cropping pattern, as well as their changes over space and time, are therefore urgently needed. To cope with this need, we developed a phenology-based method to map cropping patterns based on time-series of vegetation index data. The proposed method builds on the well-known 'threshold model' to retrieve phenological metrics. Values of four phenological parameters are used to identify crop seasons. Using a set of rules, the crop season information is translated into cropping pattern. To illustrate the method, cropping patterns were determined for three consecutive years (2008)(2009)(2010) in the Henan province of China, where reliable validation data was available. Cropping patterns were derived using eight-day composite MODIS Enhanced Vegetation Index (EVI) data. Results show that the proposed method can achieve a satisfactory overall accuracy (~84%) in extracting cropping patterns. Interestingly, the accuracy obtained with our method based on MODIS EVI data was comparable with that from Landsat-5 TM image classification. We conclude that the proposed method for cropland and cropping pattern identification based on MODIS data offers a simple, yet reliable way to derive important land use information over large areas.
Introduction
The planting sequence and spatial arrangement of crops in a given area defines its cropping pattern [1] . Cropping patterns are closely related to land use intensity, food production, soil degradation, water resource management, greenhouse gas emission and regional climate [2] . For example, inappropriate changes of cropping patterns may lead to soil degradation, water resources shortage and regional climate alterations [3, 4] . Cropping patterns are also a major factor influencing greenhouse gas (GHG) emission from cultivated areas [5, 6] . Indeed, as shown by Snyder et al. [7] and Wanyama et al. [8] , croplands are the main source of direct GHG emissions from terrestrial ecosystems, such as CH 4 and N 2 O, via fertilizer production and crop cultivation.
As the global population steadily grows, and cities and settlements expand, global cropland decreases, while at the same time natural resources are redistributed and land is converted to cropland [9] . Accordingly, cropping patterns also change. To achieve global food security, a so-called "sustainable intensification" has been proposed [10] . The challenge is to increase agricultural productivity without expanding agricultural land while minimizing environmental impacts. Hence, cropping patterns should be mapped timely and accurately to inform stakeholders and decision-makers [10, 11] . Any proposed algorithm should also be applicable back in time, in order to permit comparison between current and historic cropping pattern.
Unfortunately, current land cover products derived from Earth Observation (EO) data do not provide sufficient details on cropland use and cropping patterns [2, 12] . For illustration, a list of widely used (global) land cover products is provided in Table 1 . The table highlights the fact that currently available land cover products mainly focus on cropland extent while lacking crucial information regarding cropping intensities and cropping patterns. Thus, there is a clear need for better information on the area and distribution of cropping patterns at regional scales [2] . On the other hand, information on cropland extent is more readily available, albeit not always consistent among datasets [13, 14] . [26] [27] [28] [29] [30] [31] [32] [33] [34] [35] Remote sensing is probably the most efficient way to monitor agricultural land use characteristics such as cropland extent, cultivated crop types and cropping patterns over large areas [9, [36] [37] [38] [39] . Depending on the scale and scope of the application, both multi-temporal high-resolution data as well as coarse resolution time series contain relevant information regarding cropland extent, crop types and cropping patterns [25, [40] [41] [42] [43] . Approaches involving cloud-agnostic microwave data-possibly fused with optical data-are particularly beneficial in cloud-prone areas [44, 45] .
To derive cropping pattern, several alternatives exist [2] . One possible solution is to first acquire a few very high (metric to deca-metric) resolution images within the crop growing season. These images are used to identify different crops. Classical supervised land cover mapping techniques are appropriate for this task [46] [47] [48] . Cropping patterns are subsequently derived by combining crop maps from different growing seasons [49] . Although reliable results can be obtained [50] , such approaches are generally very time consuming and difficult to realize for large areas. To acquire the necessary cloud-free images, weather conditions, combined with insufficient revisit frequencies of most deca-metric resolution satellites, constitute the main difficulty. Although data availability changed recently with ESA's launch of two twin Sentinel-2 satellites (10m data at 5-daily revisit frequency), such dense high-resolution datasets are not available for retrospective analyses.
Alternatively, it is possible to identify cropping patterns through analysis of lower resolution EO time series. Such data are usually acquired with very high revisit frequency (e.g., with daily revisits) [12] . High revisit EO data are for example provided by moderate-resolution Imaging Spectroradiometer (MODIS) and Advanced Very High-Resolution Radiometer (AVHRR) sensors. In this way, most cloud issues can be avoided. Currently, however, such sensors only provide low spatial resolution (hecto-to kilometric). Using such coarse resolution EO time series, information about cropland use is extracted by examining the number of peaks in a vegetation index time series. The premise of this "peak-counting method" is that vegetation index dynamics of cropland correspond well to the growing cycles of crops, such as seeding, heading, maturing and senescence [51] . For example, vegetation index time series of single cropping presents only one growth cycle per year, while that of double cropping presents two cycles [52, 53] . Hence, cropping patterns are identified by examining the periodic variations in the vegetation index time series. Sakamoto et al. [54] , for example, studied rice cropping systems in the Mekong Delta from 2000 to 2005 by detecting the peaks in wavelet-filtered Enhanced Vegetation Index (EVI) curves. Their results indicated that the extent of triple cropping in An Giang, Vietnam, expanded yearly. Using a similar method, Galford et al. [55] found that there were 320,000 ha of native vegetation and pastures converted to cropland and 200,000 ha of single-cropped cropland converted to double cropping from 2000 to 2005 in the southwestern Brazilian Amazon. Lv and Liu [56] detected peaks in a HANTS-filtered NDVI time series, and found that double and triple cropping systems were commonly employed in the Chao Phraya Basin of Thailand.
Although peak-counting using coarse resolution EO time series is widely used, the approach suffers from at least three main drawbacks that limit its usability over large areas:
• difficulties to detect crop cycles in the presence of sensor noise • difficulties to distinguish crop-related (temporal) signatures from non-agricultural vegetation • difficulties to deal with cropping patterns spanning multiple years First, peak-counting is notably sensitive to noise in the vegetation index time series. Even after filtering and pre-processing, noise-related peaks may still be present in the data (Figure 1) . Compared with crops, natural vegetation tends to have more plausible peaks because of its generally longer season length. Noise often causes (biased) errors when counting the number of peaks (e.g., overestimation). To identify the 'true' peaks in a vegetation curve, several criteria have been proposed. For example, Sakamoto et al. [54, 57] considered that two peaks within less than 60 days should belong to the same growth period, as a typical rice growth cycle in the Mekong Delta lasts at least 80 days. Galford et al. [55] investigated cropping patterns in Brazil. When two or three peaks were detected within one year, they regarded the first "minor" peaks as caused by the early green-up of weeds or other green covers planted before crops. Obviously, such prior knowledge and extra constraints depend on personal experience and regional characteristics. As climate, soils and farming practices differ from region to region, such constraints are hard to generalize and thus not easily applicable for all areas [2] . The same problems also apply to curve fitting approaches as for example implemented in the widely used TIMESAT software [58] . Although curve fitting minimizes the impact of high frequency noise, user inputs are needed to specify the regional context and to constrain the algorithm [59] .
With respect to the second above-mentioned limitation, one has to note that peak-counting methods usually cannot distinguish natural vegetation from crops, or no-cropping areas from fallow cropland. The difficulty arises because these land cover types may have the same number of peaks.
As shown in Figure 1 , both single cropping and natural vegetation present one season per year, with very similar amplitude. The only noticeable difference is the season length.
Finally, peaks in vegetation index curves only inform about the yearly crop planting frequency, while the cropping pattern is strictly speaking a multi-year phenomenon. For example, in some part of the North and Northwest China, farmers cultivate three crops in every two-year period due to local water and climate conditions [60] (Figure 1c ). Crops such as sugarcane, on the other hand, are harvested only after 1.5 to 2.5 years, leading to growth cycles extending over multiple years [61] . Consequently, crop planting frequency in the current year may be different from that in the next year, while the general cropping pattern remains unchanged over many years or even decades. A number of prominent cropping patterns in North China are exemplified in Figure 1 to further illustrate the problem.
To identify cropping patterns in a robust and cost-efficient way across large areas and potentially in retrospective, this paper proposes a simple phenology-based cropping pattern (PBCP) mapping method. The proposed method identifies crop seasons and inter-seasons from smoothed EVI time series based on four phenological parameters. It first derives the number of crop seasons per year (i.e., cropping index) as well as cropland extent. Ultimately, using a set of decision rules based on the observed cropping indexes in three consecutive years embracing the year of interest, the cropping patterns are determined. Finally, peaks in vegetation index curves only inform about the yearly crop planting frequency, while the cropping pattern is strictly speaking a multi-year phenomenon. For example, in some part of the North and Northwest China, farmers cultivate three crops in every two-year period due to local water and climate conditions [60] (Figure 1c ). Crops such as sugarcane, on the other hand, are harvested only after 1.5 to 2.5 years, leading to growth cycles extending over multiple years [61] . Consequently, crop planting frequency in the current year may be different from that in the next year, while the general cropping pattern remains unchanged over many years or even decades. A number of prominent cropping patterns in North China are exemplified in Figure 1 to further illustrate the problem.
To identify cropping patterns in a robust and cost-efficient way across large areas and potentially in retrospective, this paper proposes a simple phenology-based cropping pattern (PBCP) mapping method. The proposed method identifies crop seasons and inter-seasons from smoothed EVI time series based on four phenological parameters. It first derives the number of crop seasons per year (i.e., cropping index) as well as cropland extent. Ultimately, using a set of decision rules based on the observed cropping indexes in three consecutive years embracing the year of interest, the cropping patterns are determined. 
Study Area and Data

Study Area
To test and evaluate the approach, the Henan province of China was selected. The Henan province is located in the central part of China and lies in the mid-lower reach of the Yellow River 
Study Area and Data
Study Area
To test and evaluate the approach, the Henan province of China was selected. The Henan province is located in the central part of China and lies in the mid-lower reach of the Yellow River with a total land area of 16 million ha (Figure 2) . The eastern and central parts of Henan lie in the North China Plain, while the west and south regions are mountainous. The geographical and climate conditions are very favorable for crop cultivation. The major crops planted in Henan are winter wheat, maize, soybean and cotton, with winter wheat-summer maize rotation as the dominant cropping practice. According to the China Statistical Yearbook [62] , the cultivated area in Henan was 8.1 million ha by the end of 2015, with a total grain crop yield of 60.67 million tons. According to this data, Henan province ranks as the second grain-producing province in China. 
MODIS Data
The 8-day composited MODIS09A1 (V005) product provided by the International Scientific Data Service Platform, Computer Network Information Center, Chinese Academy of Sciences (http://datamirror.csdb.cn) covering Henan Province during 2008-2010 was used in this study. The spatial resolution of this data is 500 m. EVI was chosen to map cropping patterns because it has a greater dynamic range compared to NDVI and can capture crop phenological dynamics without reaching saturation [63] . The period between 2008 and 2010 was selected, as for this time period good training and validation data were available.
To minimize noise impacts and to reconstruct high-quality EVI time series, the changingweight filter method proposed by Zhu et al. [64] was used. The method can effectively preserve the curve shape as well as the timing and the amplitude of the local maxima/minima in vegetation index time series. Preserving the integrity of phenology for multiple growth cycles is an important prerequisite of our approach. Alternative filter techniques exist (e.g., Atkinson et al. [65] ) but were not evaluated here. 
The 8-day composited MODIS09A1 (V005) product provided by the International Scientific Data Service Platform, Computer Network Information Center, Chinese Academy of Sciences (http: //datamirror.csdb.cn) covering Henan Province during 2008-2010 was used in this study. The spatial resolution of this data is 500 m. EVI was chosen to map cropping patterns because it has a greater dynamic range compared to NDVI and can capture crop phenological dynamics without reaching saturation [63] . The period between 2008 and 2010 was selected, as for this time period good training and validation data were available.
To minimize noise impacts and to reconstruct high-quality EVI time series, the changing-weight filter method proposed by Zhu et al. [64] was used. The method can effectively preserve the curve shape as well as the timing and the amplitude of the local maxima/minima in vegetation index time series. Preserving the integrity of phenology for multiple growth cycles is an important prerequisite of our approach. Alternative filter techniques exist (e.g., Atkinson et al. [65] ) but were not evaluated here.
Landsat Images
Several cloudless Landsat-5 TM images were acquired to assist in identifying the crop growing seasons and validate the cropping index mapping accuracy. The TM images utilized in this paper are listed in Table 2 . Table 2 . Information on the Landsat-5 images (cloud cover < 10%) used in this study. 
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Crop Calendars
To assist in setting proper thresholds for phenological parameters of the new method, a crop calendar from 2010 was used (Table 3 ). The underlying data were acquired from the database provided by Ministry of Agriculture and Rural Affairs of the People's Republic of China (http://www.zzys. moa.gov.cn/). Winter wheat is usually sown in October, overwinters from late December to the next February and greens up in late February. In spring, winter wheat starts growing rapidly and is finally harvested in mid-June. Summer maize, soybean and peanut generally present very similar calendars. These crops are sown in June and harvested in late September to early October. Cotton, on the other hand, has a prolonged growing cycle compared to other crops. It is sown in early April and can be harvested many times from September to October. The typical crop season length of all crops is about 100-120 days, if one excludes the pre-winter growing of winter wheat. 
Cropland Maps
To evaluate the quality of our proposed method with respect to the estimated cropland extent, three cropland layers derived from well-known global land cover products were considered:
• 250 m Global Cropland Extent (GCE) product [25] . The GCE product maps global croplands independently, mainly based on MOD09 Collection 5 product covering 2000-2008.
• 300 m GlobCover 2009 product [19] . To derive cropland extent, class 11 (post-flooding or irrigated croplands), class 14 (rainfed croplands) and class 20 (mosaic cropland (50-70%)/vegetation (grassland/shrubland/forest) (20-50%)) were combined.
• 500 m MODIS IGBP land cover map for 2009 [16] . MODIS IGBP land cover permits a direct extraction of cropland.
Methodology
The aim of this study is to map cropping patterns, focusing on major crops, such as wheat, rice, corn, soybean and cotton, while excluding fruit and tree crops (i.e., orchards and vineyards). The proposed phenology-based cropping pattern method is based on a global threshold model to retrieve phenological metrics. To execute the method, the MODIS EVI time series need to be smoothed first, followed by a proper threshold and parameter setting for extracting the phenological parameters. The four parameters/thresholds are (abbreviations in brackets): The four parameters are used to determine cropping patterns using four major processing steps ( Figure 3 ):
1.
Detecting the potential growing seasons and retrieving the phenological metrics (SOS, EOS, season length and seasonal amplitude) 2.
Identifying crop seasons 3.
Calculating cropping index 4.
Determining cropping patterns 
Threshold Model and Phenological Metrics
Though all vegetation in the same region present similar periodic activities (e.g., green up, maturity, senescence and dormancy), there are important growth differences between crops and natural vegetation [66] . For example, the season length of crops such as wheat, rice and corn in North China is usually shorter than that of natural vegetation (Figure 1 ). Phenological metrics derived from remotely sensed time-series vegetation index data have therefore been successfully used to distinguish crops from other land cover types [67] [68] [69] .
Several models have been developed to obtain season length and season amplitude from remotely sensed time-series vegetation index data, among which the 'threshold method' is the most widely used [70] . In the threshold model, the start of season (SOS) is designated as the day of year (DOY) where the vegetation index crosses the preset threshold (EVIthres) in the upward phase while the end of season (EOS) is designated as the DOY where vegetation crosses the same threshold in the downward phase [71, 72] . This is illustrated in Figure 4 , where the typical EVI profile (red line) of double cropping and natural vegetation (green line) intersect with the predefined threshold value (broken line), which we denote as SOS and EOS, respectively. The season amplitude is defined as the difference between the maximum EVI value within a growing season (i.e., between SOS and EOS) and the threshold. Season length is defined as the time span (in days) between the SOS and EOS. Therefore, in the threshold model, once the EVIthres is set, the four phenological metrics (SOS, EOS, season length and season amplitude) of a vegetation growing season are determined. It is also obvious that the season length of natural vegetation is much longer than that of crops, which could be used to distinguish them. 
Several models have been developed to obtain season length and season amplitude from remotely sensed time-series vegetation index data, among which the 'threshold method' is the most widely used [70] . In the threshold model, the start of season (SOS) is designated as the day of year (DOY) where the vegetation index crosses the preset threshold (EVI thres ) in the upward phase while the end of season (EOS) is designated as the DOY where vegetation crosses the same threshold in the downward phase [71, 72] . This is illustrated in Figure 4 , where the typical EVI profile (red line) of double cropping and natural vegetation (green line) intersect with the predefined threshold value (broken line), which we denote as SOS and EOS, respectively. The season amplitude is defined as the difference between the maximum EVI value within a growing season (i.e., between SOS and EOS) and the threshold. Season length is defined as the time span (in days) between the SOS and EOS. Therefore, in the threshold model, once the EVI thres is set, the four phenological metrics (SOS, EOS, season length and season amplitude) of a vegetation growing season are determined. It is also obvious that the season length of natural vegetation is much longer than that of crops, which could be used to distinguish them. 
Description of the PBCP Method
As outlined in Figure 3 , the threshold model is used in the first step to detect growing seasons and to retrieve the phenological metrics of each season (i.e., season length and season amplitude) based on the preset EVI threshold (EVIthres). Next (step 2), the obtained season length and season amplitude are compared with the preset minimum crop season length (CSLmin), maximum crop season length (CSLmax) and minimum crop growth amplitude (CGAmin). This permits to distinguish crop seasons and non-crop seasons. In step 3, the cropping index of each pixel is calculated by counting the number of crop seasons within each year. In the final step (step 4), the cropping pattern in the current year is determined with a set of decision rules based on cropping indexes over three consecutive years.
Detection of Potential Growing Seasons and Retrieval of Phenological Metrics
To identify whether a pixel contained any crop season, for each pixel, the number of vegetation growing seasons, the season length and season amplitude need to be derived. Figure 5 illustrates that these metrics can be readily obtained once the EVIthres is set. The illustration shows the retrieval of phenological metrics from 8-day composite EVI time series, based on the global threshold model. In our implementation, we first create a binary time series as follows:
In the new binary time series, a growing season starts with the first encountered "1" (SOS) and ends with the last member of the consecutive string of "1" (season length). EOS is here simply the last "1" encountered within each consecutive binary string. Hence, SOS should always alternate with EOS. Possible pseudo-growth seasons are later eliminated in the crop season identification process (step 2 in Figure 3) . While analyzing the binary time series, the number of vegetation growing seasons equals the number of SOS (or EOS) encountered. The season length is calculated as the time period from SOS to EOS for each season. The season amplitude, finally, is derived from the smoothed EVI time series as the difference between the maximum EVI value within a growing season and the preset EVIthres. 
Description of the PBCP Method
As outlined in Figure 3 , the threshold model is used in the first step to detect growing seasons and to retrieve the phenological metrics of each season (i.e., season length and season amplitude) based on the preset EVI threshold (EVI thres ). Next (step 2), the obtained season length and season amplitude are compared with the preset minimum crop season length (CSL min ), maximum crop season length (CSL max ) and minimum crop growth amplitude (CGA min ). This permits to distinguish crop seasons and non-crop seasons. In step 3, the cropping index of each pixel is calculated by counting the number of crop seasons within each year. In the final step (step 4), the cropping pattern in the current year is determined with a set of decision rules based on cropping indexes over three consecutive years.
Detection of Potential Growing Seasons and Retrieval of Phenological Metrics
To identify whether a pixel contained any crop season, for each pixel, the number of vegetation growing seasons, the season length and season amplitude need to be derived. Figure 5 illustrates that these metrics can be readily obtained once the EVI thres is set. The illustration shows the retrieval of phenological metrics from 8-day composite EVI time series, based on the global threshold model. In our implementation, we first create a binary time series as follows:
In the new binary time series, a growing season starts with the first encountered "1" (SOS) and ends with the last member of the consecutive string of "1" (season length). EOS is here simply the last "1" encountered within each consecutive binary string. Hence, SOS should always alternate with EOS. Possible pseudo-growth seasons are later eliminated in the crop season identification process (step 2 in Figure 3 ). While analyzing the binary time series, the number of vegetation growing seasons equals the number of SOS (or EOS) encountered. The season length is calculated as the time period from SOS to EOS for each season. The season amplitude, finally, is derived from the smoothed EVI time series as the difference between the maximum EVI value within a growing season and the preset EVI thres . 
Identification of Crop Seasons
The accurate detection of cropping pattern largely depends on the recognition of crop seasons from time-series vegetation index data. Season length and season amplitude are very effective in identifying the crop season from EVI temporal profiles and to separate crop seasons from other vegetation types. Therefore, in our method, besides EVIthres, we define and subsequently optimize three conditions to identify crop seasons, that is the minimum crop season length (CSLmin), the maximum crop season length (CSLmax) and the minimum crop growth amplitude (CGAmin).
These three conditions ensure that the detected growth cycle belongs to crops. For example, to qualify as crop cycle, the length of the season should exceed a certain minimum length, as a crop needs some time to finalize its development. At the same time, the seasonal amplitude should exceed some minimum value to indicate the presence of rapid biomass accumulation, which is typical for crops. Very long cycles and/or small seasonal amplitudes, on the other hand, are untypical for crops such as wheat, rice, or corn.
Usually, the season length of cereal crops in North China is between 90 days and 120 days (Table 3) . A shorter growing season either indicates seasonal vegetables or the short growing season of winter wheat before overwintering. Very short growing seasons are also typical for weeds and green covers with earlier green-up than crops. In our method, if the derived season length is shorter than the preset minimum crop season length, this season is labeled as a non-crop season. Following the same logic, the season lengths of natural vegetation, such as forest and grass/shrubland, are usually longer than that of crops. If the derived season length is longer than the preset maximum crop season length, then this growing season is labeled as a non-crop season.
The seasonal amplitude is a good indicator for crops, as crops develop from bare soil (low EVI) to full coverage (high EVI). The season amplitude is also a useful indictor to identify cropland and differentiate different crops [39] . For example, the season amplitude for winter wheat is generally between 0.3 and 0.4 EVI units, whereas the value is between 0.35 and 0.45 for maize in North China [52] . If the derived season amplitude is smaller than the preset minimum crop seasonal amplitude, then this growing season is labeled in our method as a non-crop season. The combined use of the three conditions (min/max season length and minimum seasonal amplitude) offers the possibility to identify and delete non-crop growing seasons. 
The accurate detection of cropping pattern largely depends on the recognition of crop seasons from time-series vegetation index data. Season length and season amplitude are very effective in identifying the crop season from EVI temporal profiles and to separate crop seasons from other vegetation types. Therefore, in our method, besides EVI thres , we define and subsequently optimize three conditions to identify crop seasons, that is the minimum crop season length (CSL min ), the maximum crop season length (CSL max ) and the minimum crop growth amplitude (CGA min ).
The seasonal amplitude is a good indicator for crops, as crops develop from bare soil (low EVI) to full coverage (high EVI). The season amplitude is also a useful indictor to identify cropland and differentiate different crops [39] . For example, the season amplitude for winter wheat is generally between 0.3 and 0.4 EVI units, whereas the value is between 0.35 and 0.45 for maize in North China [52] . If the derived season amplitude is smaller than the preset minimum crop seasonal amplitude, then this growing season is labeled in our method as a non-crop season. The combined use of the three conditions (min/max season length and minimum seasonal amplitude) offers the possibility to identify and delete non-crop growing seasons.
Calculation of Cropping Index
The cropping index is defined here as the number of crops planted and harvested over a year. In this paper, the cropping index was directly calculated from the number of crop seasons within a calendar year for each pixel within the cropping extent. For any year, the maximum cropping index value was restricted to 3 because generally only up to three crops (e.g., triple cropping) can be cultivated and reaped over a year around the world.
Determination of Cropping Patterns
In the determination of cropping patterns, it is necessary to capture the inherent variability as well as the possible land-use/land-cover changes. A cropping pattern may span more than one year, such as the pattern of three crops in two years practiced in some regions of China (Figure 1c) . Furthermore, considering the possibility of non-cropland conversion to cropland and vice versa, as well as the potential of cropping intensification and fallow, it is difficult to determine cropping patterns only considering the cropping frequency in one year.
To determine the cropping patterns in the current year, we recommend to combine cropping indexes from at least three years (i.e., the previous year, the current year and the following year). The cropping pattern is determined from analysis of the three (yearly) cropping indexes. Since only up to three crops can be harvested over a year, the possible cropping index value is either 0, 1, 2, or 3. Thus, for a candidate pixel, there are 64 (i.e., 4 3 ) different combinations of cropping index for three years. We propose to distinguish five different cropping patterns:
The cropping pattern for each of the 64 combinations is determined by the rules outlined in Table A1 of the Appendix A:
1.
All combinations with cropping indexes of 0 in at least two consecutive years are defined as "no cropping". Combinations with a cropping index of 0 in the current year and non-zero values in the two neighboring years are defined as "fallow". For other combinations containing 0, their cropping patterns are determined by the cropping index of the current year (i.e., a cropping index of the current year of 1 is defined as "single cropping", a cropping index of the current year of 2 is defined as "double cropping" and a cropping index of the current year of 3 is defined as "triple cropping").
2.
For all the remaining combinations containing 3 crop cycles, they stand for regions with agricultural potential for triple cropping. In such regions, both single cropping and double cropping are likely to be practiced. Therefore, their cropping patterns are determined by the cropping index of the current year. 3.
For the remaining combinations of values of 1 and 2, two rules are used to determine their cropping patterns. The first rule is that if the cropping index for the current year is the same as either that of the former year or the following year, its cropping pattern is determined by the cropping index of the current year. The second rule is that the combinations of (2, 1, 2) and (1, 2, 1) both stand for regions reaping three crops over two years, and their cropping pattern is defined as three crops in two years.
According to the above rules, the cropping patterns for all 64 situations can be determined in an automated and transparent way.
Supervised Optimization of Thresholds
Crop calendar data, such as shown in Table 3 , only provide a rough guidance with respect to regional min/max crop season lengths and other thresholds involved in our method. In addition, when setting thresholds, one has also to consider that mixed pixels exist in the MODIS data. It is therefore appropriate to fix the thresholds empirically. To obtain the optimal thresholds for the four phenological parameters, we explored the sensitivity of the method to each parameter and searched for the optimal thresholds using a reference data set. If the method is to be applied in a different regional context, it is recommended to redo such a calibration.
Since the ultimate cropping pattern mapping accuracy largely depends on the extraction of the cropping index, its correct determination is the most important. To optimize the thresholds with respect to the cropping index, we randomly selected 180 training pixels from the study area (solid black dots in Figure 2 ). For each training sample, the number of crop seasons (i.e., cropping index) was visually interpreted by examining the shape of its EVI time series and the Landsat TM images in 2008, and then recorded and used as reference data.
In the subsequent optimization process, an exhaustive (look-up-table) search was conducted assessing all possible combinations of four parameters (ranges in parentheses together with increments): For each test, the identified number of crop seasons for each training sample was compared with the reference data, followed by a calculation of the overall accuracy [73] . The thresholds yielding the highest overall accuracy were selected and fixed for the remaining of the study.
Results and Discussion
Sensitivity Analysis and Threshold Optimization
The remotely derived cropping index values show a strong sensitivity with respect to the four parameters which can be fine-tuned in our proposed method ( Figure 6 ): EVI thres , CSL min , CSL max and CGA min . Such sensitivities are expected, if one considers illustrations such as the one provided in Figure 1 . Through variations of the four parameters, strong differences in the correlation between modeled and reference cropping index are obtained. Depending on the selected thresholds, the overall accuracy of the modeled cropping index varies between 0.3 and 0.9. Through variations of the four parameters, strong differences in the correlation between modeled and reference cropping index are obtained. Depending on the selected thresholds, the overall accuracy of the modeled cropping index varies between 0.3 and 0.9. Figure 6 also illustrates that EVI thres has the strongest impact amongst the four parameters (only three different values for EVI thres are shown: 0.25, 0.30 and 0.35). In addition, a wide range of threshold settings can achieve satisfactory overall accuracy (above 0.85) for an average EVI thres of 0.30. Optimum parameters were identified as: EVI thres = 0.30; CSL min = 4; CSL max = 15 and CGA min = 0.13. With this setting, the overall accuracy of cropping index mapping was 0.95. For all following modeling steps, this setting was kept. It is expected that the optimum calibration is region dependent.
Comparisons Between the PBCP-derived Cropland Extent and Other Cropland Datasets
The PBCP method yields a cropland extent layer by merging all pixels with at least one crop season per year. To check the plausibility of the obtained map, it was compared against three reference cropland layers derived from well-known global land cover products: GCE, GC2009 and MODIS-IGBP (Figure 7) . For the study area, large variations in cropland extent were observed, as already observed for example by Vancutsem et al. [74] for Africa. The largest cropland extent in Henan was 13.45 million ha from the GlobCover 2009, while our method (PBCP) predicted the smallest extent: 10.7 million ha. The cropland extents from the GCE and MODIS IGBP data were notably close to each other, that is, 12.72 million ha and 12.80 million ha, respectively. 
The PBCP method yields a cropland extent layer by merging all pixels with at least one crop season per year. To check the plausibility of the obtained map, it was compared against three reference cropland layers derived from well-known global land cover products: GCE, GC2009 and MODIS-IGBP (Figure 7) . For the study area, large variations in cropland extent were observed, as already observed for example by Vancutsem et al. [74] for Africa. The largest cropland extent in Henan was 13.45 million ha from the GlobCover 2009, while our method (PBCP) predicted the smallest extent: 10.7 million ha. The cropland extents from the GCE and MODIS IGBP data were notably close to each other, that is, 12.72 million ha and 12.80 million ha, respectively. The accuracies of the four cropland layers were quantitatively assessed using the 270 validation pixels (hollow dots in Figure 2 ). For each validation pixel, its cropping pattern was determined through visual interpretation of its EVI time series for 2008-2010 and the corresponding TM images (Table 4) . High omission errors for cropland were found for the PBCP method (19%) and GCE (18%). The highest commission error for cropland was observed for GlobCover 2009 (17%), while the lowest was observed for PBCP (1%). Several papers have already highlighted the inconsistency of existing land cover maps [14, [75] [76] [77] . According to those studies, the differences are mainly due to (i) different thematic class definitions, and (ii) differences in the datasets used to perform the classification.
Taking into account Table 4 as well as Figure 7 , it is clear that the modeled cropland extent using the PBCP method is smaller compared to the three reference maps. We nevertheless kept the The accuracies of the four cropland layers were quantitatively assessed using the 270 validation pixels (hollow dots in Figure 2 ). For each validation pixel, its cropping pattern was determined through visual interpretation of its EVI time series for 2008-2010 and the corresponding TM images (Table 4) . High omission errors for cropland were found for the PBCP method (19%) and GCE (18%). The highest commission error for cropland was observed for GlobCover 2009 (17%), while the lowest was observed for PBCP (1%). Several papers have already highlighted the inconsistency of existing land cover maps [14, [75] [76] [77] . According to those studies, the differences are mainly due to (i) different thematic class definitions, and (ii) differences in the datasets used to perform the classification.
Taking into account Table 4 as well as Figure 7 , it is clear that the modeled cropland extent using the PBCP method is smaller compared to the three reference maps. We nevertheless kept the parameter setting leading to this conservative estimate of cropland extent, as we primarily aimed to map cropping patterns, and the targeted crops were mainly grain crops with a relatively long growth cycle. Seasonal vegetables with short growth cycles and nursery gardens with natural-vegetation-like growth cycles were in this context of minor importance and hence excluded. Using the proposed parameter setting, crops with such short crop cycles are classified as no crops, and this explains the observed underestimation of cropland extent ( Figure 7D ). 
Cropping Index Extraction and Validation
Because the cropping pattern mapping accuracy is largely determined by the cropping index mapping accuracy, we compare the cropping index mapping accuracy of our MODIS-based method with that of the TM classification method. The test area is located in the center and north of Henan (Figure 8 ). Two Landsat TM images with Tile 124-036 on 6 April and 12 August in 2009 were used to extract cropping area in the first and second half of the year with an SVM classifier, respectively. If a pixel had crops planted both in the first and second half of the year, then its cropping index was set to 2. If a pixel had crop planted either in the first half of the year or the second half of the year, then its cropping index was set to 1. If pixel had no crop planted within the year, then its cropping index was set to 0. The cropping index mapping accuracies for the TM classification method and the PBCP method were assessed with 292 randomly selected samples (black dots in Figure 8A ) of size 500 m × 500 m (similar to the size of a MODIS pixel) from the test area. Because a 500 m × 500 m sample covers 17 × 17 TM pixels, we considered the dominant cropping index of the 17 × 17 pixels as the cropping index of the validation sample.
Overall, the spatial distribution of the cropping index derived with the PBCP method ( Figure 8A ) agreed well with that from the TM classification result ( Figure 8B ). Areas with two crops in 2009 were concentrated in the south east and north of the region, and areas with one crop were mainly distributed in the central and south west of the region. The overall cropping index mapping accuracy for the PBCP method was 85.3%, whereas it was 84.5% for the TM classification method (Table 5) . We nevertheless noted several discrepancies between the two cropping index data. Taking the area around pixel α (Figure 8 ) as an example, the cropping index from our algorithm was 1 (Figure 8A ), whereas it was 0 for the TM classification result ( Figure 8B ). In the Landsat TM image on 6 April 2009 ( Figure 8C ), this area was not covered by any green vegetation. In the TM image on 12 August 2009 ( Figure 8D ), the vegetation reflectance signal of this area was too weak to be classified as crops. However, when observed from a high-resolution image in Google Earth (Figure 8E ), the area around pixel α was cropland. Furthermore, as shown in the smoothed temporal profile ( Figure 8G ), apparently summer crop was planted in the area around pixel α. Therefore, we confirmed that the area around pixel α was planted with a single crop in 2009. As another example, the area around pixel β displayed the spectral characteristics of buildings in Figure 8C but displayed the spectral characteristics of dense vegetation in Figure 8D , and thus, this area was classified as single crop from the TM classification. However, this area was a nursery garden, which can also be confirmed by high-resolution Google Earth images ( Figure 8F ). As observed in the Google Earth maps, the texture of the nursery garden was completely different from that of crops. The smoothed temporal profile of pixel β ( Figure 8H ) also confirmed that it had a longer growing season from late April to early November, which was distinctly different from that of crops. Though remote sensing data of high-spatial resolution is more informative for ground details, the high temporal resolution time-series vegetation data has advantages in cropping index extraction.
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Cropping Pattern Extraction and Validation
The spatial distribution of cropping patterns in Henan for 2009 is shown in Figure 9 . The overall distribution derived with the PBCP method, and using the optimized parameter setting, confirms well our general knowledge of the region [78] . Five cropping patterns were distinguished in Henan, including (1) no cropping (non-cultivated area), (2) fallow, (3) single cropping, (4) double cropping and (5) the pattern of three crops in two years. Double cropping was the dominant cropping pattern in Henan. The pattern of three crops in two years scattered in the transition zones between single cropping and double cropping. Cotton, spring maize, summer maize, and rice are the prevailing crops cultivated in single cropping. Winter wheat-summer maize/peanut/soybean, rapeseed-rice are the typical crop rotations practiced in double cropping, while winter wheat-summer maize-summer maize is practiced in the pattern of three crops in two years. The accuracy assessment based on 270 reference pixels (hollow dots in Figure 2 ) indicated that the overall cropping pattern mapping accuracy in Henan was 84% (Table 6 ). 
The spatial distribution of cropping patterns in Henan for 2009 is shown in Figure 9 . The overall distribution derived with the PBCP method, and using the optimized parameter setting, confirms well our general knowledge of the region [78] . Five cropping patterns were distinguished in Henan, including (1) no cropping (non-cultivated area), (2) fallow, (3) single cropping, (4) double cropping and (5) the pattern of three crops in two years. Double cropping was the dominant cropping pattern in Henan. The pattern of three crops in two years scattered in the transition zones between single cropping and double cropping. Cotton, spring maize, summer maize, and rice are the prevailing crops cultivated in single cropping. Winter wheat-summer maize/peanut/soybean, rapeseed-rice are the typical crop rotations practiced in double cropping, while winter wheatsummer maize-summer maize is practiced in the pattern of three crops in two years. The accuracy assessment based on 270 reference pixels (hollow dots in Figure 2 ) indicated that the overall cropping pattern mapping accuracy in Henan was 84% (Table 6 ). Overall accuracy = 84%, Kappa = 0. 79 With an overall accuracy of around 84%, the proposed PBCP method compares favorably with published results [52, 61, 78] . However, as each region is different in terms of cropping pattern, but also field sizes and observation conditions, etc. a direct comparison of various studies is not productive. Any attempt to compare different methods should focus on identical datasets in order to separate regional and data related effects, from real methodological differences.
Our analysis also shows that the presented results still contain significant uncertainties, despite the fact that the overall accuracy of the cropping pattern mapping was satisfactory. Major problems are related to the coarse resolution of MODIS data and the complexity of cropping patterns, intertwined with sometimes relatively small field sizes [49, [55] [56] [57] .
Despite these limitations, the study highlighted the potential of the proposed phenology-based method. The method presented in this paper can be extended easily to other regions, in particular if reference data for fine-tuning of parameters are available. Similar or even better results can be expected using other datasets. For example, recently, the ability to detect temporal signals from the medium-resolution satellite HJ-1 A/B data has been explored [79] . Together with the advancement of data fusion techniques, it is now also possible to acquire higher resolution time-series data by combining decametric resolution data (such as Landsat-8 OLI) with coarse resolution time-series data (such as MODIS) [80] [81] [82] . Furthermore, the newly launched two twin Sentinel-2 satellites provide images with advanced spatial resolution and more rapid revisit cycle [38] . It contains 10 spectral bands from 0.4 µm to 2.4 µm with satisfactory coverage as well as three bands for atmospheric correction and cloud detection. The most desirable feature about Sentinel-2 data is that its spatial resolution is up to 10 m and the revisit period is only 10 days. If combined, the two satellites provide continuous observation of earth surface at an interval of five days. This is a huge advantage compared to other satellite data, which makes it the most favorable data source in regional agricultural land use mapping, especially for regions with fractional landscapes. Nevertheless, for retrospective analyses, a continued research in the use of hecto/kilo-metric time series as offered by MODIS or AVHRR is highly warranted [2, 11, 36] .
Therefore, it is promising to map crop types, cropping intensity, cropping patterns and cropping practice in great special detail with phonological signals from high-resolution time-series data in the near future.
Conclusions
This paper proposed a phenology-based method to map cropland extent and cropping pattern based on time-series Enhanced Vegetation Index (EVI) data. The proposed method utilizes four phenological parameters to detect vegetation seasons, retrieve phenological metrics, and identify crop seasons. Based on those crop seasons, cropping patters are identified using a set of decision rules considering cropping indexes in three consecutive years. The method was applied in China's Henan province to map its cropping patterns in 2009. Results show that: (1) the cropping extent generated from the PBCP method was of moderate accuracy (78%) but slightly conservative. (2) The cropping index mapping accuracy with the PBCP method was comparable with that from Landsat-5 TM image classification. (3) The overall cropping pattern mapping accuracy of Henan province in 2009 was satisfactory with an overall accuracy of 84% (kappa: 0.79), assessed using 270 independent validation samples. Together, these findings demonstrate that information about cropland extent, number of crop seasons (e.g., cropping index) and cropping pattern can be obtained in a cost-efficient way, over large areas, using coarse resolution (MODIS) time series. As vegetation index time series from coarse resolution sensors extend back to the 1980s, our method offers the prospect of being applicable in retrospective analyses, yielding important information about agricultural land use characteristics, otherwise difficult to obtain from higher resolution sensors such as Landsat.
Two aspects of the PBCP method need to be addressed and investigated in the future. The first is that we used a global threshold to retrieve phenological metrics. The selected threshold will affect the retrieved cropping pattern, as the cropping index value is directly dependent on it. To improve the mapping accuracy, a local threshold is likely to be adopted in the further development of the PBCP method. The second recommended improvement relates to the decision rules brought forward for the determination of cropping patterns. In setting up these rules, many situations were considered, especially the possible changes of land-use status and the patterns, which extend over multiple years. With this set of decision rules, the cropping patterns were determined immediately from the cropping index data. As some situations may not have been considered in our rule set, we recommend to further refine and improve the decision rules. 26  1  2  1  three crops in  two years  58  3  2  1  double cropping   27  1  2  2  double cropping  59  3  2  2  double cropping  28  1  2  3  double cropping  60  3  2  3  double cropping  29  1  3  0  triple cropping  61  3  3  0  triple cropping  30  1  3  1  triple cropping  62  3  3  1  triple cropping  31  1  3  2  triple cropping  63  3  3  2  triple cropping  32  1  3  3  triple cropping  64  3  3  3  triple cropping 
